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Abstract

In a variety of contexts, observations are made of the outputs of an unknown multiple-input
multiple-output linear system, from which it is of interest to recover the input signals. For
example, in problems of enhancing speech in the presence of background noise, or separating
competing speakers, multiple microphone measurements will typically have components from
both sources, with the linear system representing the effect of the acoustic environment. In this
paper we consider specifically the two-channel case in which we observe the outputs of a 2 x 2
linear time invariant system with inputs being sample functions from mutually uncorrelated
stochastic processes. Qur approach consists of reconstructing the input signals by making an
essential use of the assumption that they are statistically uncorrelated. As a special case, the
proposed approach suggests a potentially interesting modification of Widrow’s least squares
method for noise cancellation, when the reference signal contains a component of the desired
signal.
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I. Introduction

In a variety of contexts, observations are made of the outputs of an unknown multiple-input
multiple-output linear system, from which it is of interest to recover its input signals. For example,
in problems of enhancing speech in the presence of background noise, or separating competing
speakers, multiple microphone measurements will typically have components from both sources,
with the linear system representing the effect of the acoustic environment.

In this report, we consider specifically the two-channel case in which we observe the outputs
of a 2 X 2 linear time invariant (LTI) system with inputs being sample functions from mutually
uncorrelated random processes. Our approach consists of reconstructing the input signals by making
essential use of the assumption that they are statistically uncorrelated. In its most general form,
this is a highly under-constrained problem. By applying appropriate constraints on the form of
the reconstruction system, meaningful and useful solutions are obtained, one class of which has
as a special case the well-known Widrow’s least-squares method for noise cancellation. A more

elaborate presentation of the results reported here can be found in [1]

II. Signal Separation Based on Decorrelation

Consider the problem in which we observe the outputs y;[n] and ya[n] of a 2 X 2 linear system H
illustrated in Figure 1, whose input signals s;[n] and s;[n] are assumed to be sample functions from
mutually uncorrelated stochastic processes having stationary covariance functions. To simplify the

exposition, we further assume that the signals have zero mean, in which case
E{si[n]s}[n —k]} =0  Vk (1)

where E {-} stands for the expectation operation and * denotes the complex conjugate. We note
that the zero mean assumption is not necessary. The derivation and results apply equally to the
more general case of non-zero possibly time-varying means since they are phrased in terms of
covariances.
The system components H;; ¢,7 = 1,2 are assumed to be stable single-input single-output linear
time invariant (LTT) filters, and the overall frequency response is denoted by:
Hi(w) Hiz(w)

H(w) = (2)
H21 (w) ng(w)




where H;j(w) are the frequency responses of H;;. We note that H;;, i # j represent cross-coupling
from input s;[n] to sensor output y;[n], and H;j, i = j represent the frequency shaping applied to
each individual input.

Our objective is to recover the input signals by using a 2 X 2 reconstruction filter G illustrated

in Figure 2, whose outputs are denoted by v;[n] and v;[n], and whose frequency response is:

G(w) = Gu(w) -Gr2(w) ' 3)
—-Gzl(w) ng(w)

We want to adjust the components of G so that

[ i
Moy = | T 0| @

i 0 Fz(w) |

or ( -
Mo =| ° . (5)

| Fz(w) 0 ]

If we require that Fj(w) = F3(w) = 1 Vw, then in case of (4) v1[n] = s1[n] and v2[n] = s2[n], in case
of (5) v1[n] = s3[n] and v[n] = s1[n], and the input signal are exactly recovered. The equalization
of F; and F; to a unity transformation requires partial knowledge of H (e.g. knowledge of Hy;
and Hj;) and/or some prior knowledge concerning s;[n] and sz[n]. However, since our main goal
is the separation of the input signals, it may be sufficient to adjust the components of G so that
the signals s;[n] and sz[n] are recovered up to arbitrary shaping filters F; and F3. To this end we
may assume, without further loss of generé.lity, that Hy1(w) = Hap(w) = 1 Vw, in which case the
off-diagonal elements of H(w)G(w) are zero, as required by (4), if

—G12(w) + H12(w)Gz2(w) = 0 (6)
Hn(w)Gu(w) - Gu(w) = 0, (7)
and the diagonal elements of H(w)G(w) are zero if
Gu(w) — Hyz2(w)Gar(w) = 0 (8)
~H2n(w)Gi2(w) + G2(w) = 0. 9)

Clearly, there are infinitely many combinations of G;; 7,7 = 1,2 that satisfy (6) (7), or (8)
(9). Therefore, we may pre-specify any pair of transfer functions, and solve for the other pair.

Specifically, we choose G11{(w) = G22(w) = 1 Vw, in which case the solution to (6) (7) is:

Glz(w) = le(w) ) Gzl(w) = .Hzl(w) (10)




and the solution to (6) (7) is:

1 1

Gra(w) = T ,  Guw)= ()’ (11)

under the assumption that Hyo and Hs; are invertible.

If the coupling systems Hy, and Hz; were known, then by setting the decoupling systems Gis
and Gy, according to (10) or (11) we obtain the desired signal separation. However, since Hip and
Hy; are unknown, we want to find a method or criterion that yields the desired solution. Invoking
the assumption that the input signals are uncorrelated, our approach is to adjust Gy2 and Go; so

the recovered signals are also uncorrelated, i.e.,
E{v[n]v3[n-k]} =0 Vi (12)

or, equivalently, that their cross-spectrum P,,,,(w) is zero for all w. Using the well-known relation-

ship for the power spectra between inputs and outputs of an LTI system,

Py (w) Py (W)
Py (W) Py, (w)

where Py,,.(w), i,j = 1,2, are the auto- and cross-spectra of the observed signals y;[n] and ys[n],

Py oy (W) = [ 1 —Gia(w) ] [ -Gn(w) 1 ]+ (13)

and + denotes the conjugate-transpose operation. Carrying out the matrix multiplication and

setting the result to zero, the decorrelation condition becomes:
Py (W) = G12(w) Pygyy (W) — G31 (@) Py (@) + G12(w)G31 (@) Py (@) = 0. (14)

This equation does not specify a unique solution for both G12(w) and Ga1(w), even if P,y (w)
t,7 = 1,2 are precisely known. Any combination of Gi2 and G2; that satisfies (14) yields outputs
v1[n] and vz[n] which are uncorrelated. We could arbitrarily choose Gq;, in which case Gis is

specified by:

w) = Pylyz(“’) = G5 (w) Py (W)
Gua(w)= Py (w) = G51(w) Py (W)’ (15)

or we could arbitrarily choose G2, in which case Gy is specified by:

_ Py2y1 (w) - G] (w)Pyzyz(w)
) = B ) = G Py (@) (16)

As a special case, if we choose G; = 0 then (15) reduces to:

Gra(w) = -f;——% (17)



which is recognized as Widrow’s least squares solution [2] for the simplified scenario in which there
is no coupling of s;1{n] (the desired signal) into yo[n], i.e. Ha; = 0. It conforms with the observation
(e.g., see [3]) that the least squares filter causes the estimate of s;[n] to be uncorrelated from
y2[n] = sz[n] (the reference sensor signal). The least squares method has been successful in a
wide variety of contexts. However, it is well known that if the assumption of zero coupling is not
satisfied, its performance may seriously deteriorate. Equation (15) suggests a potentially interesting
modification of the least squares method which allows the incorporation of non-zero Go; for the
compensation of possibly non-zero coupling.

There are practical situations in which one of the coupling systems Hy2 or Hy; may be known
a-priori, or can be measured independently. For example, in speech enhancement, either the desired
or the interfering signal may be in a fixed location and therefore the acoustic transfer functions
that couple it to the microphones can be measured a-priori. In such cases either (15) or (16) can
be used to find the other coupling system. To show this, we use the relation

P (@) Pry(@) 1 How) | [ Pa) 0 1 How) |

Prani (W) Py (@) Hu(w) 1 0 Pyw) || Ha(w) 1

where P, (w) and P;,(w) are the power spectra of s;[n] and s3[n], respectively. Substituting (18)

into (14) and following straightforward algebraic manipulations, we obtain:

P, (w)[1 = Gr2(w)Ha1(w)] [Ha(w) = Ga(w)] +
Py, (w) [1 = Ga1(w)Hiz(w)]" [H12(w) = G12(w)] = 0. (19)

If Gyy = Hoy or Gyg = H{ll (the inverse of Hj;), then the only solution to the equation is
G12 = Hyz or Gy = Hy,}, respectively, provided that H is invertible (i.e. [1 — Hay(w)Hi2(w)] # 0
Vw), and that P,,(w) is strictly positive. Similarly, if G1p = Hiz or Go1 = Hl‘zl, then the only
solution is Gg1 = Hop or G2 = Hz'il, provided that H is invertible and that Ps (w) is strictly
positive. Thus, if one of the coupling system is known than the decorrelation criterion yield the
correct compensation for the other coupling system.

If both coupling systems H,, and Ho; are unknown so that both decoupling systems G2 and
G21 need to be adjusted, then the decorrelation condition is insufficient to uniquely solve the prob-
lem, and we need to use some additional information or constraints. One possibility is to assume
that s;[n] and ss[n] are not only statistically uncorrelated, but statistically independent. By im-

posing statistical independence between the reconstructed signals, we obtain additional constraints

4




involving higher order cumulants/spectra that can be used to specify a unique solution for both
G12 and Go;. This approach is currently being developed.
Another approach consists of restricting the decoupling systems to be causal finite impulse

response (FIR) filters, i.e. of the form:

2 )
Glz(w) = Zaw“’“’k (20)
k=0
g2 )
Gzl(w) = Zbke_"wk (21)
k=0 .

where ¢; and ¢ are some pre-specified filter orders. We note that in this case the reconstructed

signals v;[n] and v,[n] are given by:

nln] = wln)= Y axeln — A (22)
k=0

vln] = glr] - hulr -k (23)
k=0

In Appendix A we show that if H 2, and H,; are also causal FIR filters of orders less or equal
to ¢1 and ¢o, respectively, then the only solution to the decorrelation equation is given by (10),
provided that at least one of the coupling systems is of order greater than zero, and that Pj, (w)
and Ps,(w) are rational spectra. There are many situations of practical interest in which Hy, and
Ha; are closely approximated by FIR filters, and upper bounds on the filter orders are provided.
We note that the finite length restriction is essential in order to obtain a unique solution. As the
number of FIR coefficients increases, the solution becomes more and more ill-conditioned, and in

the limit we may lose identifiability.

III. Algorithm Development

Frequency domain algorithms in the case where one of the decoupling systems G15 or Gy is pre-
specified (e.g. when one of the coupling systems is known) are suggested by (15) or (16), where
we note that in practice Py, (w), ¢,j = 1,2 are replaced by their sample estimates (periodograms)
based on the observed signals y;[n] and yo[n].

If both decoupling systems need to be adjusted, then the form of (15) and (16) suggests the
following iterative algorithm:

Ggg)(w) — Pylyz (w) - [Ggll—l)(w)]*wa (w) ,
Py (@) = (G V(@) Py ()

(24)
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60 () = Pen(©) = [GI5 @)]" Pryn ()
Py (0) = G (@) Py (w)

where Gg?(w) and Ggl)(w) are the filters after / iteration cycles. Of course, in this case we must in-

(25)

corporate the FIR constraint by limiting the number of coefficients of the inverse Fourier transforms
of the decoupling filters.

To implement these algorithms in the time domain, we note that:

Py (@) Pyyoy(w) _ Py (W)  Pyygp (W) 1 —G12(w) ! (26)
Pyzvl (w) Pyzvz (w) Pyzyl (w) Py2y2 (w) _GZI("") 1

where Py, (w) is the cross-spectrum between y;[n] and v;[n]. Using (26), Equations (15) and (16)

can be represented in the form:

Pppn, (W)G12(w) = Pyyop(w) (27)
Py, (@)Gn(w) = Py (@) (28)

Inverse Fourier transforming, we obtain:

91
z Q1Cyru, (k-1)

= cyu(k) (29)
iblcylvl(k =) = ey (k) (30)
=0

where ax and by are the unit sample response coefficients of G2 and G2, respectively, and ¢y, (k)

is the covariance between y;[n] and v;[n] defined by:

eyin; (k) = E{wiln)oj[n - K]} . (31)

Expressing (29) and (30) for £ =0, 1,..., we obtain:

Copd = Cy,, (32)
C:'glll—‘yl'lZ = gy?ﬂl (33)
where a = [ap @y - - -aql]T, b=[bob;1-- qu]T, and
Cys, = E{ui[rlylln]} (34)
ey, = EA{u3[nln(n]} (35)
Cyu, = E{uilnlyTInl} (36)
Cpo, = E{2ilnlya[nl} - 67




where

vln = [mlulk-1--nk- o)l (38)
Yln] = [y2[n] yoln — 1] - - - y2[n — @a]I” (39)
%r] = [n)oiln—1]---viln - @) (40)
gln] = [v3[n]vzn—1]---v3ln— @] . (41)

Equations (32) and (33) are the time domain equivalents of Equations (15) and (16), respectively.
Thus, if the coefficients b of G are pre-specified, then the coefficients a of G2 are specified by:

c (42)
and if the coefficients a of G, are pre-specified, then the coefficients b of G2; are specified by:

b=Col ¢ (43)

4% =y2v;°

Since the covariance functions are unknown, they are approximated by the sample averages:

Cyu, ™ EﬂN'" s[nly; [n] (44)
n=1

Cpy, = ZﬁN_n 2(nlu(n] (45)
n...l

Co ~ 3BT (46)
n=1
N

Cpy, ¥ 3 B "ilnlyaln] (47)
n=1

where 5; and (3, are real numbers between 0 and 1. To achieve maximal statistical stability, we
choose 1 = B2 = 1. However, if the signals and/or the unknown system exhibit non-stationary
behavior in time, it may be preferable to work with 3;, B2 < 1. In this way we introduce exponential
weighting that gives more weight to current data samples, resulting in an adaptive algorithm that
is potentially capable of tracking the time-varying characteristics of the underlying system.
Replacing the covariances in (42) by their sample estimates, and following the derivation in

Appendix B, we obtain the following time sequential algorithm for adjusting @ (for a given b):

a(n) = a(n-1)+ Q(n)vi[n]vi[n;a(n — 1)] (48)

Q(n = 1)v3[nly7 [n]Q(n - 1)
B1 + y7 [n1Q(n — 1)u3[n]

Q(n) = |@(r—1) - (49)




where v; [n;a(n — 1)] is the signal v;[n] in (22) constructed using the current value a(n—1)of a.
Similarly, replacing the covariances in (43) by their sample estimates, we obtain a time sequential

algorithm for adjusting b (for a given a):

b(n) = b(n—1)+ R(n)e} [n] voln; b(n — 1)] (50)
1 E(n — Dyi[nly] [n]R(n - 1)
R = g | = D = = R (r — Dot 1)

where v; [n;b(n — 1)] is the signal vy[n] in (23) constructed using the current value b(n — 1) of b.
Thus, if one of the decoupling systems is pre-specified, we have a fully sequential algorithm to
determine the other one.

If we set b = 0 (G2, = 0), then (48) (49) reduce to:

a() = aln=1)+Qm)gjlmfosin; aln — 1) (52)
! Q(n — 1y;[n]yl [n]Q(n — 1)
o = g |ow-n- % + AR~ D 9

which is recognized as the Recursive Least Squares (RLS) Algorithm for solving Widrow’s least
squares criterion [4] [5]. The algorithm in (48) (49) can therefore be viewed as a modification of
the RLS method which allows the incorporation of non-zero b (non-zero G ) for the compensation
of non-zero coupling of s;[n] (the desired signal) into y;[n] (the reference sensor signal).

If both decoupling systems need to be adjusted, then the form of (42) and (43) suggests the

following iterative algorithm:

! -1

a( ) = Cg2‘l}2£y122 é"_('—l) (54)
! -1

b() = Cylzlgwﬂl a-g('_l) (55)

where a(!) and 5" denote the value of a and b after [ iteration cycles. The above notation indicates
that the right hand side of (54) is computed at b = b*~1) and the right hand side of (55) is computed
at @ = a1, In the actual implementation of the algorithm, the covariances are substituted by
their sample estimates in (44)-(47). By the same considerations leading from (42) to (48) (49), and
from (43) to (50) (51), each iteration of the algorithm can be performed sequentially in time as

follows:
a(n) = O - 1)+ Q(n)v3[n; 8 V]vs[n; aD(n — 1)] (56)

8




1 Q(n — 1)u3[n; 8Dy [n]Q(n - 1)
aw = g fo-n- e o
b0(n) = bO(n— 1)+ R(m)eln; a0 oaln; 8 (n ~ 1)) (58)
1 R(n — 1)v;[n; V)T [n]R(n — 1)
Bm) = g [R(" B YTy o) ] (%)

where at the end of the iteration we obtain g_(l)(N )= a® and Q(l)(N )= [AUA
To obtain a fully sequential algorithm, we simply suggest to use the current value of b in the
recursion (48) (49) for g, and the current value of g in the recursion (50) (51) for b. The resulting

algorithm is:

a(n) = a(n—1)+Q(n)g3ln;b(n — Vivaln;a(n — 1) (60)
! Q(n — 1)25[n; b(n — D)]y; [n]Q(n - 1)

o) = g [Q("‘”' By T 37 TlQ(n — Dg3lm: B(n — 1] } (61

bn) = bn—1)+ R(n)uiln;a(n — 1)Joa [n;b(n — 1)] (62)
o R(n — 1)wi[n; a(n - 1)}gF [n]R(n ~ 1)

) = 3, [R("‘ Y = =5, ¥ TR ~ Dilm a(n - 1] ] (63)

This algorithm can be viewed as an approximation to the algorithm in (56)-(59), obtained by
replacing the iteration index by the time index — which is a common procedure in stochastic
approximation. Both (56)-(59) and (60)-(63) can be viewed as extensions of the RLS method to
the case where each of the observed signals has components from both sources, and both decoupling
systems need to be adjusted.

As an alternative to (54) (55), consider the following iterative algorithm for simultaneously

solving (32) (33):

a® = o440 [gyuaz = Cy,y,al ™

%,u2

] IHU_U (64)

p® = pt-b 4 ,yél) [Qyzzl _ Cylzlé(l_l)]

(65)

_a,_:g(Z-l)

9




U 0

where 7;’ and 75’ are gain factors (step-size) that may depend on the iteration index I. We note

that

ey, — Cyme = E{un] [nln] - yf[nle| } = E{x3[nlui[n]} (66)

2

Cpy, — Cunb = E{uiln] [saln] - y7n]b] } = E {of[n]vsln} (67)

1

where in the actual algorithm these expectations are approximated by sample averages. An
iterative-sequential algorithm in which each iteration is performed sequentially in time can also
be obtained here.

Using the Robbins-Monro first order stochastic approximation method [6] [7], in which expec-
tations are approximated by current realizations and the iteration index is replaced by the time

index, the algorithm in (64) (65) may be converted into the following sequential algorithm:

a(n) = g(n—1)+n(n)v3n;b(n — 1)]n[r;a(n - 1)] (68)
b(n) = b(n—1)+ v2(n)2i[n;a(n — 1)]vz[n; b(n — 1)] (69)

This algorithm is similar in form to (60) (62), except that instead of the matrices Q(n) and
R(n), we have the gains y;(n) and v2(n). Using well-known results from the theory of stochastic
approximation [6] [7] [8], it can be shown that if these gain factors are chosen to be positive
sequences such that

= = 2
Jim_y;(n) = 0, nz;l%'(n) = 0o, ngl‘n (r) <M < oo,
(e.g., vi(n) = vi/n) then under certain regularity conditions this algorithm converges almost surely
(a.s.) and in the mean square (m.s.) to the solution of (32) (33), and the limit distribution can also
be evaluated. Such an analysis is beyond the scope of this paper.

If the signals and/or the linear system exhibit changes in time, and an adaptive algorithm
is required, choosing constant gains v;(n) = 7, ¢ = 1,2, is suggested. This corresponds to an
exponential weighting that reduces the effect of past data samples relative to new data in order to
track the varying parameters.

If we substitute (n) = 0 in (68), we obtain:
a(n) = a(n - 1)+ n(n)y;[nlvs [7; a(n — 1)] (70)

which is recognized as the least mean squares (LMS) algorithm, suggested by Widrow et al [2],

for solving the least squares problem under the indicated zero-coupling assumption. Thus, as
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observed in the case of the RLS method, the algorithm presented by (68) (69) can be viewed as an
extension of the LMS method to the more general scenario in which each of the observed signals

have components from both sources, and one or both coupling systems need to be identified.

IV. Experimental Results

In this section we demonstrate the performance of the proposed method on a few simulated exam-
ples. In all our experiments Hy; and H; were unity transformations, and the coupling systems
Hi5 and H,; were non-zero FIR filters of order 9 (corresponding to 10 coefficients). In all cases the
reconstructed signals v;[n] and vy[n] were filtered by the shaping filter [1 — G12G21]7! so that if
G12 = Hyz and G9; = Ho; then we have applied the exact inverse filter to recover s1[n] and s3[n].

We begin with the simpler case in which G321 = H2; so that we only need to adjust the coefficients
a of G1,. For that purpose we have used (42), where the covariances are substituted by their sample
estimates in (44) and (45) with 8; = 1. We worked with a filter order of ¢; = 99 (100 coefficients)
so that, in fact, we did not make any assumption concerning the actual order of the system Hjs
that we want to equalize. For the purpose of comparison, we have also implemented Widrow’s least
squares method, which corresponds to solving (42) under the incorrect choice b = 0.

In the first set of experiments, s;[n] was a sampled speech signal, while s,[n] was a computer
generated white noise at various spectral levels. In the three cases that the algorithm was tested, the
signal-to-interference (S/I) levels at the first sensor (the primary microphone) prior to processing
were -20 dB, -10 dB, and 0 dB. Using the least squares method, the measured S/I levels were 5 dB,
7 dB, and 15 dB, respectively. Using our method, the measured S/I levels were 17 dB, 20 dB and
28 dB, respectively. We have therefore achieved an improvement of 12 to 13 dB in the S/I over
the least squares method. By actually listening to the recovered speech signal, the intelligibility
using our method was improved compared with the least squares method by more than what would
have been interpreted from the improvement in the S/I level. As shown in Figure 3, the frequency
response magnitude of the decoupling filter using our method is also improved noticeably compared
to the least squares method.

In the second set of experiments, both s;[n] and s;[n] were speech signals. Once again, we set
G21 = Ho; and adjusted only the coefficients of Gy2. This is an interesting case since separating
speech signals is considered a more difficult task than enhancing speech embedded in additive

background noise. In the two cases that the algorithm was tested, the S/I levels at the primary
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microphone were -10 dB and 0 dB, prior to processing. Using the least squares method, the resulting
S/I levels were 5 dB and 11 dB, while using our method the resulting S/I levels were 15 dB and
24 dB, respectively.

Next, we have considered the case where both s;[n] and s3[n] are speech signals, and both Hi,
and H,; are unknown FIR filters of order 10. We have only assumed prior knowledge of the filters
orders. The S/I levels at the first (primary) and the second (reference) microphones were -1.8 dB
and -2 dB, indicating strong coupling effects. Since this is a more difficult and practically more
interesting scenario, it will be fully presented. In Figure 4 we have plotted the original input signals
s1[n] and s;[n], corresponding to the speech sentences: “He has the bluest eyes”, and “Line up at
the screen door”, respectively. In Figure 5 we have plotted the measured signals y;[n] and yz(n],
which contain the inherent coupling effects. To adjust the coefficients ax and by of the decoupling
systems G2 and G2, we implemented the iterative algorithm in (54) (55) where the covariances
are substituted by their sample estimates in (44)-(47) with #; = 82 = 1. The recovered signals
are plotted in Figure 6. The measured S/I levels at the first (primary) and second (reference)
sensors were 7.5 dB and 8.3 dB respectively. For the purpose of comparison, we have plotted in
Figure 7 the recovered signal at the primary sensor using the least squares method. The associated
S/I level was 1.8 dB. We note that unlike our approach that treats the signals as being equally
important, the least squares approach regards s;[n] as being an unwanted interfering signal, and
therefore it makes no attempt to estimate it. By actually listening to the recovered signal using the
least squares method, one can hear the reverberant quality due to the fact that the desired signal
is canceled with some delay together with the interfering signal. This reverberant effect does not

exist when using our method.
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Appendix A: Proof of Uniqueness under the FIR Constraint

Assuming that P, (w) and P,,(w) are rational spectra, that is a ratio of polynomials, then multi-

plying (19) by their common denominator, we obtain:

C(w)[1 = Giz(w)Ha1(w)] [Ha(w) — Ga(w)]" +
D(w)[1 = Ga1(w)H1z(w)]" [Hi2(w) — G12(w)] = 0

where C(w) = f;_m cie™¥ D(w) = f_i__pz d;e~9“" where c_; = ¢;, d_; = d; and ¢p,, dp, # 0
where p; and p; are finite non-negative integers.

Let Hq2 and Hoy be causal FIR filters of orders ¢; < ¢; and §» < ¢2, respectively (the order is
defined as the index of the largest non-zero coefficient of the unit sample response). We assume
that §; + g > 0 (i.e., at least one of the coupling systems is of order greater than zero). Then
[1 = Gra(w)Ha(w)] is of order (g1 + §2), [1 — G21(w)Hy2(w)] is of order (g2 + §1), [H21(w) — G21(w)]
is of order ¢ or less (if G = g» and there is a cancellation of the largest non-zero coefficient), and
[H21(w) — G21(w)] is of order ¢; or less. Hence, the first term on the right hand side of the equation
is a polynomial in powers of e, where the index of its most positive non-zero coefficient equals
(71 + @1 + G2), and the index of its most negative non-zero coefficient is less than or equal to
(p1 + ¢2). Similarly, the second term is a polynomial in powers of e/, where the index of its most
positive non-zero coefficient is less than or equal to (p; + ¢1), and the index of its most negative
non-zero coefficient is equal to (p2 + ¢2 + G1). To satisfy the equation all the coefficients of the sum

of the two terms must be equal to zero. Therefore, necessary conditions are given by:

nt+a+a < ppt+a

P+e+a < p+g.

Adding the two inequalities we obtain ¢; + §o < 0 which is a contradiction. Therefore, the
decorrelation equation is satisfied if and only if each term is equal to zero, implying that the only

possible solution is given by (10).
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Appendix B: Derivation of the Sequential Algorithm in (48) (49)

Let

Then

Q(n)

g(n)

a(n)

-1

. -1
I:Z n-—lc vE n] Y k]:l — [ﬁlQ—l(n -1) +2§[n]£g[n]]

k=1
1 Q(n ~ o3lnlyZIn]Q (n—n]

5 [Q(" T T TImIQ(n — Do)

Zﬁn—k 2[nly1[k] = B1g(n — 1) + v3[n]yi[n]

Q(n)g(n) = Q(n) [Brg(n — 1) + v3[nlyn [n]]

Q(n) [51:Q7(n - 1a(n — 1) + v3[nya[n]]

) {1 5 [0 - s3lnlg o] aln - 1) + w3l o]
a(n — 1) + Q(n)z3[n] [ua[n] - ] Inla(n - 1)]

a(n - 1) + Q(n)v3[n]vs [n; a(n — 1)].
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Figure 2: The reconstruction system.
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Figure 3: Frequency response magnitude of: (a) The coupling filter, (b) The decoupling filter using
the proposed method, (c) The decoupling filter using the LS method.
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Figure 4: The speech signals: (a) “He has the bluest eyes”, (b) “Line up at the screen door”.
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Figure 5: The measured signals.
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Figure 6: The recovered signals using the proposed method.
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Figure 7: The recovered signal using the LS method.




